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Grades provide students with their primary performance feedback: signals which affect academic
choices. Variations in grading practice among courses impose grade penalties (and bonuses) on
students who take them. These grade penalties are sometimes gendered. Using extensive data
from the University of Michigan, we report on patterns of grade penalty and gendered performance
difference across 116 large courses. We find that significant gendered performance differences are
ubiquitous in large introductory STEM lecture courses. They are largely absent in both STEM labs
and in lecture courses in other disciplines. Exploring the features of these courses, we hypothesize
that evaluation methods used in STEM lecture courses interact with stereotype threat to create
these gendered performance differences.
I. INTRODUCTION
Despite generations of gradual progress, women re-
main underrepresented in the leadership of all STEM
disciplines [1]. The causes of these disparities in par-
ticipation are certainly various, but one is the existence
of gendered performance differences (GPDs) in introduc-
tory STEM courses [2–7]. Significant GPDs exacerbate
the already low average grades students receive in these
courses, sending signals of incompetence and challenging
efforts to diversify science. Identity based performance
differences are common in STEM. They raise important
questions of equity in higher education.
Methods used to measure performance differences vary.
Some simply examine outcomes, comparing grades or
scores on concept inventories for male and female stu-
dents at one point in time. Others make efforts to ac-
count for background and preparation, either through
pre-and-post testing, or by including measures of prepa-
tion in performance models (e.g. high school GPA, stan-
dardized tests, and prior college performance) [8]. Most
studies of performance gaps have been narrow in scope,
exploring single courses in individual subjects for lim-
ited periods of time. Comparison among these studies
is complicated by their various contexts and analytic ap-
proaches.
These limitations leave many important questions un-
addressed. Is the origin of GPDs most closely related
to subject matter, instructional style, student back-
ground, or mode of assessment? To obtain initial insight
into these many possibilities, we have conducted uni-
form measurements of gendered performance difference
across a multi-disciplinary array of 116 large enrollment
courses at the University of Michigan. These courses
vary substantially in subject matter, instructional style,
and mode of assessment. As at other major universities,
this array of courses forms a kind of grand quasiexperi-
ment, the results of which hint at possible explanations
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for GPDs and suggest an array of future observations and
experiments.
In what follows, we provide a detailed explanation of
our methods for quantifying student performance and
measuring GPDs. We then describe patterns observed
in the distribution of GPDs across the courses we study,
discuss possible explanations for these patterns, and con-
clude with suggestions for future study and action.
II. PERFORMANCE SIGNALS, GRADE
ANOMALIES, AND GPDS
Grades provide students with their primary perfor-
mance feedback: signals which affect their academic
choices. Grades are also the only performance measures
uniformly maintained and reported by nearly all colleges
and universities. They are signals institutions use to
mark course completion, determine academic standing,
and award degrees and honors. To better understand
these signals, we have compared grades students receive
in each class to simple expectations they might hold. We
begin by forming these expectations as they do: using
grades received in other classes. Two important features
emerge from this analysis. First, STEM lecture courses
impose substantial grade penalties on all students. Sec-
ond, these penalties are significantly larger for female
than male students.
To examine these grade signals, we have assembled ex-
tensive student record data from the University of Michi-
gan; including grades, GPAO (GPA in other classes at
Michigan), high school GPA, standardized test scores,
and demographic information. We gather these data
for all students in 116 large courses: those with aver-
age fall/winter enrollments more than 200 during the pe-
riod from Fall 2008-Winter 2015. The total dataset con-
tains 627,998 individual student/course pairs, while each
course is represented by anywhere from 1,379 to 22,871
individual students. These courses come from a wide
range of disciplines, including Science, Engineering, and
Mathematics, the Social Sciences, and the Humanities.
To introduce the analysis conducted here, we compare
student grades in one chosen course to their GPAO: a
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2credit hour weighted average of grades they have received
in all other classes. We calculate GPAO using all other
grades received at Michigan up to the time when the
course grade of interest is awarded. This allows us to
include almost all students, even those just completing
their first term in college. Figure 1 shows the GPAO-
dependent structure of grades for male and female stu-
dents in a representative STEM lecture course: in this
case Physics 140 - first semester physics for scientists and
engineers.
Grades awarded to students in physics, compared to
those they receive in other courses, are anomalously low.
When students sign up for Physics 140, they should know
that they will, on average, receive lower grades than
they’re used to. We might say that this course imposes a
“grade penalty” on students. Figure 1 also reveals that
this penalty is substantially larger for female students
than male students - the course exhibits a large gendered
performance difference.
Could factors other than GPAO acount for this dif-
ference? Both regression and optimal matching on col-
lege of enrollment, ACT Math, ACT English, and high
school GPA have minimal effects on inferred size of this
gendered performance difference (Section IIIA). Neither
does the difference lie simply in gendered GPAO differ-
ences. Female students in this class have slightly higher
GPAOs than male students, but they receive substan-
tially lower physics grades.
Figure 2 displays grading patterns which we observe
for four additional courses likely to have analogs on
other campuses: General Chemistry (Fig. 2a) , Calcu-
lus I (Fig. 2b), Introduction to Psychology (Fig. 2c),
and First Year Writing (Fig. 2d). This set of exam-
ples gives some idea of the diversity in relations between
grade and GPAO. Grades are all most strongly correlated
with GPAO, but both grade penalties and the gendered
performance difference can be either positive or nega-
tive. Again, observed gendered performance differences
weaken only marginally using standard regression and
matching techniques on LASSO-based covariates (Sec-
tion IIIA).
III. PATTERNS OF GRADE ANOMALY AND
GENDERED PERFORMANCE DIFFERENCE
To gain a broader perspective on the student experi-
ence with large courses, we have explored relations be-
tween grades and GPAO across the full array of 116
large courses in our data set. To make these compar-
isons, we begin by defining simple measures of average
grade anomaly and gendered performance difference. We
choose these straightforward measures for two reasons.
First, they are natural: they reflect ways in which stu-
dents themselves might assess performance. Second, they
generate measures of GPD which closely mirror those
produced using much more complex analytic approaches,
while remaining easy to replicate on other campuses.
Since the inception of grading more than a century ago,
commentators have lamented the lack of consistency in
grading practice, noting that average grades vary sub-
stantially by instructor, discipline, and institution [9–13].
This variability remains widespread, and has inevitable
impacts on students’ lives. We explore the impact of
variable grading practice on the experience of students
by measuring the average grade anomaly (AGA) of each
course:
Average Grade Anomaly = 〈Grade-GPAO〉All (1)
When this quantity is positive, students on average re-
ceive grades higher than theyre used to: a grade bonus.
When it is negative, students on average receive grades
lower than theyre used to, experiencing a grade penalty.
We choose to describe grade anomalies as ‘penalties’ and
‘bonuses’ in an effort to reflect the way they are experi-
enced by students. We also compare the AGAs for male
and female students to form an initial measure of gen-
dered performance difference (GPD):
GPD = AGAf −AGAm (2)
When this quantity is positive, the relative perfor-
mance of female students is better. When it is nega-
tive, the relative performance of male students is better.
Grade anomalies form collective measures of the feedback
students receive from a course. Gendered performance
differences compare the feedback received by male and
female students in the same course.
Average grade anomalies and gendered performance
differences for all of the 116 large U-M courses in our data
set are shown in Figure 3. Each is labeled as belonging to
Science and Engineering, the Social Sciences, or the Hu-
manities. In general, STEM courses impose the largest
grade penalties on students. These are often accom-
panied by significant gendered performance differences.
Courses in the Social Sciences span a broad range of grade
anomalies, and generally exhibit small gendered perfor-
mance differences. Humanities courses typically award
modest grade bonuses, and like Social Science courses,
exhibit small gendered performance differences. Details
for each course are contained in Table 1 in the supporting
information [14].
Average grade anomalies are imposed by disciplinary
differences in grading practice. Faculty members collec-
tively decide on norms for the average grades awarded
in these classes. Core STEM disciplines and some Social
Sciences have chosen to continue awarding low average
grades during an era of substantial grade inflation. As a
result, students taking these courses are awarded anoma-
lously low grades; they pay grade penalties imposed by
variations in the norms of grading practice across our in-
stitutions. It is unsuprising to find that lecture courses
in the core STEM disciplines often impose large grade
penalties on students. At Michigan, these are as large as
-0.62 and averaging -0.22 letter grades (typical standard
error < 0.01). The presence of these grade penalties is
3widely acknowledged within the STEM education com-
munity [15].
What is less well known is that most of these large
STEM courses also exhibit significant gendered per-
formance differences: male students experience smaller
grade penalties than female students. Many of these
differences are substantial, as large as -0.28 and aver-
aging -0.11 letter grades. Even after optimal matching
the average GPD across all STEM courses is still -0.10.
While gendered performance differences are much less
pronounced in the Humanities and Social Sciences, first
and second semester Economics courses cluster with the
STEM lectures.
Focusing our attention on STEM courses (Fig. 4), in-
teresting features emerge. We begin with first year in-
troductory physics, chemistry, biology, and mathematics
lecture courses. These courses (indicated by stars in the
figure) are the gateways to a STEM degree, required for
completing any of these majors. At Michigan, most of
these courses do not impose fixed grade curves, but they
do have norms of practice which maintain low and stable
average grades. As a result, every one of them imposes
significant grade penalties on its students, with AGAs
averaging -0.41 letter grades, and ranging from -0.54 to
-0.15.
These gateway STEM lecture courses also exhibit sub-
stantial gendered performance differences; the mean is
-0.18, ranging from -0.28 to -0.07. Female and male stu-
dents receive different average grades in these courses,
even when enrolled in the same college, and having
earned the same GPAO, standardized test scores, and
HS GPA. As a result, female students face grade penal-
ties substantially larger than men, averaging -0.51 letter
grades, and ranging from -0.63 to -0.24. These gendered
performance differences correspond to roughly 10% dif-
ferences in course point totals: they are both statistically
and materially significant. While GPDs have long been
noted in specific fields (e.g. [3]), their ubiquity across
introductory STEM lecture courses has not been clearly
recognized.
Interestingly, the lab courses associated with these the
same STEM subjects show a very different pattern. Their
grade anomalies are small, averaging 0.12 letter grades
(a small bonus), and ranging from -0.16 to 0.35. Higher
average grades are given in these courses; they are sub-
ject to different grading norms of practice. More strik-
ingly, their gendered performance differences are both
small and various, with a mean of 0.02, ranging from -
0.1 to 0.06. While the subject matter in lectures and
labs is closely related, something about these two types
of courses leads to quite different outcomes.
A. Other measures of aptitude do not explain
gendered performance differences
Grade anomaly calculations use only GPAO to account
for aptitude in predicting performance. Indeed, addi-
tional factors have been shown elsewhere to have pre-
dictive power for grades in large enrollment Life Science
classes (e.g. [16]), and non-zero gendered performance
differences demonstrate that other factors affect perfor-
mance. It is possible that other measures of aptitude
also predict performance, perhaps in ways which ’explain
away’ observed gendered performance differences.
To test for this, we have conducted an extensive
LASSO (e.g. [17, 18] analysis of grade prediction in all
of our 116 large courses (See Table 1 and the Supple-
mental Material [14]). In nearly every case, GPAO is the
most important predictor of grade. High school GPA and
standardized tests scores add little comparative predic-
tive power, and while they narrow gender performance
differences somewhat, they call far short of eliminating
those seen in our large intro STEM courses. Adjustment
of grade predictions for these covariates by either basic
linear regression or a variety of matching techniques all
yield similar results; somewhat reducing gendered per-
formance differences but not eliminating them.
B. Evaluative style and GPD
Our large introductory STEM lecture courses differ in
many ways. Some are offered in relatively small sec-
tions and taught in a studio style (e.g. Math 115 and
116), others are large traditional lecture classes with rel-
atively little active engagement (e.g. Chem 130, Bio
172). They share some traits as well: student grades
in every one are largely determined by timed examina-
tions, many of which use multiple choice and short answer
formats. Such exams typically make up 70% of course
grades, and generate almost all of the dispersion among
student grades. Lab courses, by contrast, all meet in
small sections, and none are primarily evaluated using
timed examinations. We speculate that this difference
in evaluative scheme plays a role in generating the strik-
ing gendered performance differences we see in gateway
STEM lecture courses.
The other courses we observe help to explore this hy-
pothesis: details of all, including links to their online
course descriptions, are provided in Table 1. Perfor-
mance in many of the additional STEM courses is also
evaluated in timed, high-stakes examinations. A series
of other first year courses in Computer Science (EECS
183, 280, 281), Biological Chemistry (BIOLCHEM 212),
and Genetics (BIOLOGY 305) show grade anomalies and
gendered performance differences very much like those of
the core STEM lecture courses. ENGR 101 is a program-
ming course for first year engineers. It provides a small
grade bonus, but still exhibits gendered performance dif-
ferences.
The EARTH courses and ASTRO 106 are all 1-2 credit
lecture courses intended as natural science distribution
credit for non-STEM majors. Perhaps because they are
elective courses, their instructors choose not to impose
significant grade penalties on their students. While they
4offer grade bonuses, they still exhibit substantial gen-
dered performance differences. These large courses are
also evaluated primarily by with timed, multiple-choice,
examinations.
Some other STEM courses are evaluated in very differ-
ent ways. ENGR 100, 110, and TCHNCLCM 300, while
labeled as lectures, are quite different in practice. ENGR
100 is a project-based introduction to engineering, ENGR
110 a one credit seminar introducing engineering educa-
tion and careers, and TCHNCLCM 300 is a writing-based
course often structured around group work. Biology 118
is a course on AIDS for non-scientists. None of these
courses used timed examinations as important evaluative
elements.
Courses taken beyond the first year by students en-
gaged in STEM majors sometimes show different behav-
iors. This is likely due to selection among the students
who enroll. One example is provided by the mathemat-
ics sequence of courses MATH 115/116/215/216. Female
students differentially depart from from this sequence
throughout: they make up 44% of MATH 115 students
and only 26% of MATH 216 students. The gradual shift
in gendered performance difference in these courses may
be due to these differential selection effects.
Additional evidence for suggesting the importance of
evaluative scheme is provided by internal grades in the
physics courses studied here. In these courses, some
credit (25-30%) is awarded for electronic response to in
class questions and successful completion of online home-
work assignments. In both categories, female physics stu-
dents modestly outperform males, though all students re-
ceive most of the available credit. Most of each students
physics grade (70-75%) is awarded for performance on
three midterm exams and a final. Scores on these timed
exams show gendered performance differences ranging
from 3.5 7% across these courses. Differences in exam
performance are the source of the gendered performance
differences, at least in these physics courses.
The apparent impact of course evaluative scheme on
performance might be related to the gendered perfor-
mance differences observed in SAT/ACT college entrance
exams [19–23]. These tests are high pressure, timed ex-
ams similar in format to those used to evaluate our large
introductory classes shown in Figure 4.
A relation between gendered performance differences
on standardized tests and in these classes is also sug-
gested by the manner in which ACT scores explain the
gendered performance differences we observe. In most
classes, adding ACT scores to the model does little to
close the gendered performance gap. In these cases what-
ever caused the gendered performance differences on the
ACT does not affect college course performance in the
same way. Only when the work done in classes is closely
aligned with standardized tests do ACT scores explain
the gendered performance differences observed in our
classes. This effect is clearest in Math 105 (Precalculus)
and Math 115 (Calculus I). According to our LASSO
analysis (Supplemental Material), ACT MATH is the
best predictor MATH 105 grade, and nearly equal in pre-
dictive power to GPAO for MATH 115. This is not true
for any of the other STEM courses.
Gendered performance differences have been present
on standardized tests in the US since their inception.
This work shows that gendered performance differences
also emerge in University STEM courses which use timed
exams for evaluation, at levels which are not accounted
for by the differences previously observed in standardized
testing.
IV. DISCUSSION
The patterns of grade anomaly that we report emerge
from differences in grading practice among the disci-
plines, and are consistent with those observed in previous
studies. At the course level, grade anomalies provide sig-
nals to students. These signals guide self-assessment and
may, along with other factors [24], shape selection of fu-
ture courses and major field.
That these grade anomalies are associated with gender,
even after adjustment for a host of factors, compels us
to understand why. The 1964 Civil Rights Act prohibits
discrimination on the basis of sex. Even in the absence
of different treatment, the disparate impact of a practice
or environment can form a legal cause of action. These
patterns of widespread gendered performance difference
may compel us to change long-standing practices [25].
One important next step is to explore whether the pat-
terns of grade anomaly and gendered performance dif-
ference observed here at U-M are replicated on other
campuses. In early 2014, we launched a Sloan Founda-
tion funded learning and research analytics project aimed
at exploring exactly this question. A follow-on paper
[26] will report on comparisons of grade anomalies and
gendered performance differences in introductory courses
across five major universities. These analyses are rela-
tively simple to conduct. We encourage our colleagues at
other institutions to examine student outcomes like this
on their own campuses and share the results.
On average, all students pay grade penalties when tak-
ing large introductory STEM courses. It has been sug-
gested that female students exhibit increased grade sensi-
tivity in economics courses [27–29] and the physical sci-
ences in general [2], so that grade penalties per se are
more likely to drive them away from these courses and
majors. The ubiquity of gendered performance differ-
ences in these courses significantly exacerbates this prob-
lem. The impact of grade penalty on persistence for male
and female students in STEM disciplines in this data set
will be explored in detail in a forthcoming paper.
The apparent relation between gendered performance
difference and evaluative style leads us to hypothesize
that stereotype threat [30–32] may play an important
role. If female students in these courses expect to confirm
a negative stereotype about the performance of women
on introductory STEM exams, they may expend some
5cognitive resources on this concern, reducing their per-
formance at the ∼10% level often imposed by stereotype
threat [33, 34]. If so, actions aimed at reducing stereo-
type threat, ranging from values-affirmation to mindset
interventions might be effective at eliminating these gen-
dered performance differences [35].
Efforts of this kind have sometimes shown promise
[36, 37], and occasionally failed [38]. Given the very
widespread nature of these gendered performance dif-
ferences, supportive interventions need to be applied at
scale, across a wide range of disciplines. Recent work sug-
gests that such large scale interventions, delivered online,
can be effective [39]. They should be pursued in the near
term, as a way of ameliorating the effects of stereotype
threat while these courses retain timed examinations as
an evaluative tool.
The focus here has been placed on performance differ-
ences associated with gender. It is important to recognize
that performance gaps associated with other aspects of
student identity can also be studied using the approaches
described in this paper. These analyses, to be reported
in detail in a subsequent paper, reveal performance dif-
ferences both larger and smaller than the GPDs reported
here. They may be associated with related causes.
While many steps might be taken to ameliorate these
GPDs, we suggest that a more comprehensive shift in
assessment style is needed [40]. The best approach may
be a wholesale shift toward evaluation using more sci-
entifically authentic activies and away from a dominant
reliance on inauthentic timed examinations.
The substantial grade anomalies observed for required
first year STEM courses provide a barrier to entry for all
students. Substantial gendered performance differences
exacerbate these challenges for female students. If adop-
tion of an inauthentic evaluative style has imposed these
additional barriers, we should experiment with changes
which might eliminate them.
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males:  0.172 +/− 0.00656
females:  0.206 +/− 0.00554
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males:  3.4 +/− 0.0114
females:  3.46 +/− 0.0109
SEX_REG_COEFF: −0.0886 +/− 0.0103
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males:  0.159 +/− 0.00617
females:  0.208 +/− 0.00506
MATCHED MEAN GRADE:
males:  3.41 +/− 0.00797
females:  3.46 +/− 0.00737
SEX_REG_COEFF: −0.0721 +/− 0.00776
FIG. 2. Examples of Grade Anomalies in four introductory courses at U-M General Chemistry (a), Calculus I
(b), Introduction to Psychology (c), and First Year Writing (d).
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FIG. 3. Grade Anomalies University-Wide. Gendered performance difference is plotted against average grade
anomaly for each of 116 courses. Different symbols divide courses into three divisions: science and engineering
(red filled circles), social sciences (blue filled circles), and humanities (blue diamonds). Errors bars are the SE
on the mean as determined by bootstrap resampling.
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FIG. 4. Grading Trends in Introductory STEM courses. Color differentiates lectures and labs; stars represent
core required STEM lecture courses.
